In recent years, novel techniques such as intelligent techniques are being employed for developing predictive models to estimate parameters that are difficult to measure. For instance, determining soil mechanical resistance is difficult, particularly in fine-textured soils and during warm seasons. In this research, we used statistical algorithms, adaptive neuro-fuzzy inference systems (ANFIS), artificial neural networks (ANNs) and fuzzy inference systems (FIS) in order to predict soil mechanical resistance and compared them with traditional statistical models such as multiple regression (MR). To achieve this goal, bulk density, volumetric soil water content (as predictors) and soil mechanical resistance (as target variable) were used at 0-25 cm depth with sample size equals 200. The results showed that intelligent methods are appropriate tools for minimizing the uncertainties in soil engineering projects. The ANFIS model predicted soil mechanical resistance more accurately than the other models with R 2 = 0.93 and RMSE= 299.41. Also, the use of intelligent methods not only provided new approaches and methodologies to estimate soil mechanical resistance, but also minimized the potential inconsistency of correlations.
Introduction
Soil compaction affects on root penetration in the soil system, hydrological processes and crop production . Penetrometry is considered as a suitable method to evaluate mechanical resistance to root penetration into the soil (Hosseini et al., 2016) . Results obtained from this method represents the force required to drive a metal cone into the soil to simulate plants' roots. Among the soil parameters affecting on soil mechanical resistance, soil water content and bulk density are the most significant ones (Nasri et al., 2015) . Soil mechanical resistance is well-correlated with root growth and varies inversely proportional to it. When soil water content decreases, an increase in mechanical resistance occurs, because cohesion within the solid fraction of soil diminishes (Bengough et al., 2001) . Thus, when soil mechanical resistance values vary from 1.0 to 3.5 MPa (Nasri et al., 2015) , root growth can be restricted or even impeded. Penetration resistance has been observed to be more sensitive than bulk density to detect the effect of tillage management (Hosseini et al., 2016) . It can be related to increasing resistance to root growth and decreasing water and nutrient use efficiencies (Hosseini et al., 2014) .
Determination of soil mechanical resistance is difficult. Consequently, there is a vital need to develop an easy, accurate and low-cost tool to determine soil properties and improve the soil system management in areas where data is scarce or non-existent (Pulido et al., 2015) . For these reasons, intelligent models have also been developed to predict nonexplicit relationships among variables (Cagliari et al., 2011) . Intelligent approaches such as adaptive neuro-fuzzy inference systems (ANFIS), artificial neural networks (ANNs), non-linear regression and fuzzy inference system (FIS) are enable to model spatially the complex systems have been recently used (Khaledian et al., 2017) to determine soil parameters. They are also becoming increasingly important in all engineering areas as a result of rapid development of information and computers technology (Khaledian et al., 2017) . These methods enable the pattern recognition, classification, speech recognition, design of structures, automatic control, manufacturing process control, and modeling of material behavior (Adam, 2003) .
Several studies have recently been conducted to predict soil properties, such as swell potential of clayey soils (Yilmaz and Kaynar, 2011) , shearing resistance (Kayadelen, 2009) , and soil classes (Zeraatpisheh et al., 2017) . According to Movahedi Naeini et al.
(2012), soil mechanical resistance measurements could defined irrigation timing better than soil water content, because soil mechanical resistance restricted root growth, water and nutrient uptake in soils. Therefore, in order to accurately predict soil mechanical resistance from soil water contents, recognizing tissue water and stress-mechanical resistance might be useful to the farmers and agronomists.
Although soil compaction is a problem in the north of Iran, such as Golestan province, due to high soil specific surface area (Zeraatpishe and Khormali, 2012; Hosseini et al., 2016) , but there is a lack of information about the understanding of soil compaction. In this paper, advanced statistical approaches, ANFIS, ANN, FIS, and MR, were assessed for the prediction of the mechanical resistance that is hard to measure. The main goals of this study were to i) estimate soil mechanical resistance by two basic soil properties, bulk density (f b ) and volumetric soil water content (θv), using AN-FIS, ANN, FIS and MR models, and ii) compare these models in order to present the optimal one in predicting the mechanical resistance. (Gee and Bauder, 1986) . Soil organic carbon content of 0.7% measured using a potassium dichromate method (Chapman, 1965) . Soil pH value reached 7.9 and was determined in soil extract by pH-electrode (McLean, 1982) and soil bulk density registered 1.59 g cm -3 .
Materials and Methods

Study area and sampling pattern
The conventional tillage consisted of moldboard ploughing followed by one discing. It is a method commonly used by farmers in this region to help break clod aggregate and make a proper seedbed. The double-disc was consisted of two discings followed by one levelling. Primary tillage depths for moldboard and rototiller were 20-25 and 8-10 cm, respectively. All disc operations were performed to a depth of 8-10 cm.
In this research 200 undisturbed soil samples were taken from 0-25 cm depth by stainless steel cylinders (2.65 cm radius and 4.45 cm height, 98 cm 3 )
for measuring bulk density and volumetric soil water content. Soil mechanical resistance was determined in situ by a cone penetrometer under the soil water content from the field (Hosseini et al., 2016) . Bulk density was measured by method by Brasher et al. (1966) and volumetric soil water content was determined by the method developed by Black (1965) .
The data were divided into two parts, calibration data subset (160 samples) and validation data subset (40 samples). Data subsets were used for determining the performance of four simulation methods:
adaptive neuro-fuzzy inference system (ANFIS), artificial neural networks (ANNs), fuzzy inference system (FIS) and multiple regression (MR). Estimation of soil mechanical resistance using a multiple regression was initially carried out using statistical analysis system software (SAS, version 8). And Matlab software (version 6) was used to run the intelligent models.
Modeling approaches
Fuzzy inference system (FIS)
The basic principle of fuzzy modeling was stated 
Artificial neural network (ANNs)
The main purpose of ANN of which working principle is inspired by the way biological nervous systems, such as the human brain, process information which is similar to that of polynomial regression (Das et al., 2014) . However, its methodology for the mathematical process is different from the classical regression analyses. In order to obtain the optimal multidimensional surface for the prediction of a dependent variable, any composite functions are fitted to the data presented to the In this research, the network was designed with 10 nodes in the input layer (bulk density and volumetric soil water content) and 1 node in output layer and the best transmission function was Tansig for the structure of the neural network. For training neural network, Matlab software (version 6) was utilized. Training processes include weight changes between various layers until the minimum difference is obtained between real and predicted data. Finally, the best network structure was selected based on minimum RMSE and maximum R 2 (Liu et al., 2001) . The accuracy of the models evaluated based on the test dataset.
Adaptive neuro-fuzzy inference system (ANFIS)
The other soft computing method used in soil engineering is the neuro-fuzzy modeling (Yilmaz and Yuksek, 2009) . A neuro-fuzzy system is, in fact, a neural network that is functionally equivalent to the fuzzy inference model. It can be trained to develop IF-THEN fuzzy rules and determine membership functions for input and output variables of the system (Negnevitsky, 2002) . One of the neuro-fuzzy inference systems is the adaptive neuro-fuzzy inference system (ANFIS). The Sugeno model was proposed for a systematic approach to generating fuzzy rules from a given input-output dataset (Negnevitsky, 2002 Equation 2 Where x (or y) is the input node i, p, q, and k are the consequence parameters obtained from the training,
A and B are labels of the fuzzy set defined suitable membership function. The membership function is updated by back-propagation learning algorithm or a hybrid learning algorithm which is described in detail in Demuth and Beale (2001) . The basic structure of an ANFIS model is depicted by Padmini et al. (2008) .
Accuracy Indicators
The accuracy of models evaluated using mean error(ME), value account for(VAF), root mean square error(RMSE), R 2 and mean absolute percentage error(MAPE).
Equation 3
Equation 4 Equation 5 Equation 6 where P (si), M (si) and A (si) are amounts of pre- If the VAF is 100 and RMSE is 0, then the model will be excellent. And, also, R 2 (Equation 6), is one of the statistics used in intelligent methods articles.
Mean absolute percentage error (MAPE) which is
a measure of accuracy in a fitted series value in statistics was also used for comparison of the prediction performances of the models. MAPE usually expresses accuracy as a percentage (Equation 7).
Equation 7
Where Ai is the actual value and Pi is the predicted value. The obtained values of ME, VAF, RMSE, and MAPE may indicate prediction performances.
Results
Bulk density, volumetric soil water content, and mechanical resistance
Results of descriptive statistics of soil mechanical resistance in the studied area are presented in , with a CV of 53.8% and bulk density ranged from 0.94 to 1.71 g cm
, with a CV of 10%. Table 1 . Descriptive statistics of soil parameters in the study farm.
Comparison of ANFIS, ANN, FIS and MR models
Multiple regression model predicts soil mechanical resistance using soil bulk density and volumetric soil water content:
Equation 8 Coefficient of variation (CV), Coefficient of skewness (Skew) where mr, and are mechanical resistance The validation criteria were presented in Table 2 .
The best model performance and the most accurate were indicated based on the high value of R 2 and VAF and low value of ME, RMSE, and MAPE.
Regarding the validation criteria, results showed that ANFIS model had the highest performance to predict soil mechanical resistance. The lowest ME, MAPE and RMSE, and also the highest value of R 2 and VAF were obtained for ANFIS model. On the other hand, MR model showed the lowest performance with the highest ME, MAPE, RMSE and the lowest R 2 and VAF ( Among the studied non-linear models, the non-linear relationship between phenomena was best considered by ANFIS. ANFIS correctly predicted 93% variation in soil mechanical resistance and could not predict only 7 % of soil mechanical resistance (Figure 3) .
Difference between the predicted and real data values of soil mechanical resistance presented in Table 3 . For the ratio of predicted to real data values, the accuracy of the model is improved by approaching Mean and SD to one and zero, respectively. Mean and SD for ANFIS model were 1.06 and 0.24, respectively but for MR model were 1.58 and 0.67, respectively ( Table   Table 3 . Ratio of predicted to real data values of soil mechanical resistance used in different models (MPa). Martínez-Hernández et al., 2017) , land management or irrigation decrease soil mechanical resistance in soil depth and increase root density in the rhizosphere, wheat nutrient uptake, and the yield. Therefore, root growth and hence native nutrient uptake (such as potassium) and crop yields maybe increased by increasing the tillage intensity in soils with high specific surface and mechanical resistance. Bengough et al. (2001) reported that an increase in mechanical resistance occurs, when soil water content decreases, due to cohesion within the solid fraction of soil diminishes. Similarly, Hosseini et al. (2016) demonstrated that soil mechanical resistance is affected by soil bulk density and volumetric soil water content under wheat cultivation. Furthermore, Ozpinar and Cay (2006) found that higher soil bulk density resulted in higher resistance to penetration, increasing soil mechanical resistance, and decreasing yield.
Model
Discussion
Soil mechanical resistance showed higher values in the study site due to high soil specific surface and cohesion between primary particles (Hosseini et al., 2016) . Bulk density, pore size distribution, and volumetric soil water content are important soil physical properties in relation to crop production and conserve its value as the first natural filter through their effect on mechanical resistance (Keesstra et al., 2012) . Hosseini et al. (2014) reported that tillage practices increased soil pore distribution (macropore and mesopore) which provide more space for root growth and decreased volumetric soil water content. On the other hand, the soil moisture is influenced by the structure of soil that could be described by soil water content, and bulk density, strongly depending both on the matric potential and soil texture (Chaplain et al., 2011) . Hosseini et al. (2016) showed that the correlation between soil bulk density and mechanical resistance was positive but there was negative one between soil water content Soil mechanical resistance has been affected by dry bulk density and initial water content in soil samples . Moreover, bulk density and soil mechanical resistance influenced on plant growth, which had negative effects on root (Silva et al., 2004) . Contrary to MR model, ANFIS showed the higher performance in the validation criteria. Similar finding was reported by Hosseini et al. (2016) for particle swarm optimization and genetic algorithm in comparison with multiple regression. Therefore, ANFIS model produced more accurate model. Complex and non-linear models probably are able to construct more accurate and powerful relationship between inputs data and target variable (Khaledian et al., 2018) . Non-linear relationship such as particle swarm optimization and genetic algorithm models showed promising results for the estimation of soil mechanical resistance in comparison with linear models (Hosseini et al., 2016) .
Since the soil mechanical resistance describes the behavior of soils, it is strongly related to bulk density and water content; therefore, it can be influenced by soil compaction. By doing so, land management, such as soil tillage practices would be affected (Hosseini et al., 2016) . Hence, predicting these types of soil properties are more difficult to determine, especially when there are restrictions regarding money and time, the findings of this research would be useful.
Conclusions
The potential benefits of intelligent methods models extend beyond the high computation rates. Higher 
